To make full use of distributed energy resources to meet load demand, this study aggregated wind power plants (WPPs), photovoltaic power generation (PV), small hydropower stations (SHSs), energy storage systems (ESSs), conventional gas turbines (CGTs) and incentive-based demand responses (IBDRs) into a virtual power plant (VPP) with price-based demand response (PBDR). Firstly, a basic scheduling model for the VPP was proposed in this study with the objective of the maximum operation revenue. Secondly, a risk aversion model for the VPP was constructed based on the conditional value at risk (CVaR) method and robust optimization theory considering the operating risk from WPP and PV. Thirdly, a solution methodology was constructed and three cases were considered for comparative analyses. Finally, an independent micro-grid on an industrial park in East China was utilized for an example analysis. The results show the following: (1) the proposed risk aversion scheduling model could cope with the uncertainty risk via a reasonable confidence degree β and robust coefficient Γ. When Γ ≤ 0.85 or Γ ≥ 0.95, a small uncertainty brought great risk, indicating that the risk attitude of the decision maker will affect the scheduling scheme of the VPP, and the decision maker belongs to the risk extreme aversion type. When Γ ∈ (0.85, 0.95), the decision-making scheme was in a stable state, the growth of β lead to the increase of CVaR, but the magnitude was not large. When the prediction error e was higher, the value of CVaR increased more when Γ increased by the same magnitude, which indicates that a lower prediction accuracy will amplify the uncertainty risk. (2) when the capacity ratio of (WPP, PV): ESS was higher than 1.5:1 and the peak-to-valley price gap was higher than 3:1, the values of revenue, VaR, and CVaR changed slower, indicating that both ESS and PBDR can improve the operating revenue, but the capacity scale of ESS and the peak-valley price gap need to be set properly, considering both economic benefits and operating risks. Therefore, the proposed risk aversion model could maximize the utilization of clean energy to obtain higher economic benefits while rationally controlling risks and provide reliable decision support for developing optimal operation plans for the VPP.
Introduction
In recent years, under the dual pressures of energy shortages and environmental degradation, the development scale of distributed energy resources has gradually expanded, and its position in the energy grid has become increasingly prominent. However, due to their own limitations, the geographical distribution of the generators is dispersed, the unit capacity is small, and the intermittent fluctuation is obvious, so the direct grid connections of distributed energy resource (DER) units will have a great impact on the security and stability of the grid [1] . Therefore, researching flexible, safe, and reliable DER control technology is of great significance for realizing the large-scale grid connections of distributed energy. At present, China uses micro-grids to coordinate the operations of distributed power sources and loads [2] , which effectively solves the technical contradictions between the grid and DERs. However, the main control target of a micro-grid is the local application of distributed power sources, which limits the effective utilization of multi-region and large-scale DERs. Virtual power plant (VPP) technology is a typical representation. Through advanced information technology, a large number of distributed power sources, controlled loads, and energy storage units are aggregated, realizing wide-area energy interconnection and sharing [3] . In particular, the rapid development of smart grid technologies promotes reasonable resource configurations and provides steady support for VPP operation.
Recently, the concept of VPP technology has attracted extensive attention in many industries, both domestically and internationally. In foreign countries, from 2001 to 2005, Germany, The Netherlands, and Spain jointly established the virtual fuel cell power plant program, consisting of 31 residential fuel cell combined heat and power (CHP) systems [4] . From 2005 to 2009, the United Kingdom, Spain, and France established a flexible electricity network in order to integrate the expected energy solution (FENIX) project [5] for the sustainable development of the EU power supply. The Netherlands established a power matching device VPP project consisting of 10 CHP units [6] . Cassell University integrated wind turbine, solar photovoltaic system, biogas power station and hydro power plant into VPP [7] . From 2009 to 2015, Denmark and Germany established electric vehicles in a distributed and integrated market using a sustainable energy and open networks (EDISON) project [8] . The EU completed the Web2Energy project and implemented the "Intelligent Power Distribution" project [9] . In China, in 2011, Zhang Bei, a new energy comprehensive utilization platform integrating wind power, photovoltaic power generation, energy storage and intelligent power transmission was put into production [10] . In 2014, the Xiaozhongdian distributed power demonstration project of the Guodian Group in Yunnan was successfully integrated into the Southern Power Grid [11] . In 2017, Xiong'an new district proposed a multi-energy source complementary scheme, which integrated medium-deep geothermal energy, shallow geothermal energy, and the waste heat from regenerated water and waste generation [12] . The "source-grid-load smart grid" system for the large-scale consumption of clean energy was first put into operation in Jiangsu [13] . In 2018, the commercial building VPP in Shanghai's Huangpu District was put into operation assembled from numerous distributed energy storage sources [14] .
At present, studies on VPP operation optimization mainly focus on three aspects: the capacity allocation, optimization scheduling, and uncertainty handle. In terms of capacity allocation, Muhammad et al. [15] conducted a capacity allocation for a wind/firewood/storage/biomass independent micro-grid system by considering the net load fluctuations at different time scales. Aboelsood et al. [16] integrated a wind power plant (WPP), solar collectors, combined heat and power generation, and an energy storage system (ESS) to get the optimal operation cost. Bai et al. [17] proposed a multi-target capacity allocation optimization model for a wind/light/firewood/storage micro-grid system with a seawater desalination load with the objective of a minimum investment operation cost and a maximum renewable energy utilization ratio. Cao et al. [18] analyzed a micro-grid including renewable energy, energy storage, CHP system, etc., and the optimal outputs for each unit. Liu et al. [19] expressed the uncertainty of a wind power output by interval, and studied the robust stochastic bidding model for virtual power plants with wind/pumped storage/gas units. Faeze et al. [20] comprehensively Energies 2018, 11, 2903 3 of 28 considered electrical energy storage, thermal energy storage, electric vehicles, and other resources to dispatch regional electric-thermal systems.
Research on the optimization scheduling of VPP operation focuses on the economic value and the elimination of wind and photovoltaic power as the objective to optimize the output of each unit in the dispatching system. Mashhour et al. [21] studied the bidding model of a VPP in the energy and rotating reserve market. Tascikaraoglu et al. [22] evaluated a virtual power plant strategy, including a hybrid system consisting of wind, solar, hydrogen, and thermal power systems. Mohammadi et al. [23] considered the complementarity and operational characteristics of wind, solar, and hydrogen, and studied a synergistic scheduling model of virtual power plants with the objective of maximum revenue. Shayeghi et al. [24] presented an optimal integrated participation model of wind and photovoltaic power generation (PV) energy, including storage devices and dispatchable distributed generation to increase their revenues. Shropshire et al. [25] constructed an optimal scheduling model of a virtual power plant including offshore wind farms and small nuclear power plants. Riveros et al . [26] presented a methodology to evaluate the optimal bidding strategy of a VPP coupled with district heating and renewable energy sources.
Finally, researches on the power fluctuation of VPP operation focus on how to use the controllable units, energy storage, electric vehicles and controllable loads to ensure the stable output of a VPP. Hrvoje et al. [27] have casted a two-stage stochastic model with uncertain parameters, including the power output of the intermittent source and the market prices. Heredia et al. [28] studied the bidding strategy of a VPP in the electricity market, and used the scene set to deal with the uncertainty of the market electricity price. Peik-Herfeh et al. [29] used a two-point estimation method to characterize the output fluctuation of the unit, which took two estimated points on both sides of the predicted value. Yang et al. [30] obtained wind speed distribution parameters by using a maximum likelihood estimation based on the characteristics of the wind speed, which obey the Weibull distribution. Zamani et al. [31] used the point estimation method to simulate uncertainties in the load and the renewable energy intermittent output in VPP scheduling. Tan et al. [32] established an economic dispatch model that considers the fluctuations in a renewable energy output based on chance constrained programming. Morteza et al. [33] used stochastic programming to deal with the uncertainty of electricity prices and proposed a VPP bidding model.
The optimization problem for VPP operation has been extensively discussed in all of the aforementioned studies. A capacity allocation method, scheduling model, and uncertainty handle technology have been proposed, which could greatly promote development. However, it should be noted that there are some gaps in the literatures. Firstly, most of the studies aggregated WPP, PV, ESS and conventional gas turbines (CGTs) into a VPP, and established a capacity allocation scheme, but for distributed power sources, small hydropower stations (SHSs), especially those with regulatory reservoirs, have a better application space for VPP. Secondly, the researches on the operation optimization of VPPs discussed the optimal operation strategies under different objective functions and different scenarios. Some studies considered the optimization effects of demand response on VPP. However, ESS and price-based demand response (PBDR) will flatten the load demand curve, which plays an important role in optimizing the VPP operation. It needs to be further discussed. Finally, some literatures studied the risks brought about by uncertainty. More studies used probabilistic methods to characterize uncertainty, but whether the DERs, whose capacity is small and quantity is large, have statistical properties remains to be verified, and probability distribution functions is difficult. In addition, uncertainty processing mainly relies on the stochastic programming method, which considers the probability distribution of uncertain factors, but the distribution law is difficult to describe. However, the optimal solution of robust optimization has certain inhibitions on the possible adverse effects of each element in the set. Adjusting the robust coefficient can decide the optimal scheduling schemes of different uncertainty degrees. This method does not need to consider numerous random schemes, so the calculation burden is small, and the applicable space is better. All of the above • A VPP coupled with WPP, PV, SHS, ESS, CGT, and an incentive-based demand response (IBDR) with the implementation of PBDR on the user side. Among these, the SHS equipped with regulating reservoirs can distribute the output according to the real-time load demand, which can provide reserve services for the WPP and PV coupling operation with CGT and ESS. WPP and PV have high environmental and economic benefits, as well as high risks, so balancing the benefits and risks is the key to the optimal operation of the VPP.
• A basic scheduling model for the VPP operation is put forward without considering uncertainty.
The maximum revenue of the VPP operation is taken as the objective function of the optimization model, considering energy balance constraints, different power sources, and system rotating reserve constraints. The basic scheduling results could provide an important decision-making reference for determining the VPP operation risks and verifying the effectiveness of the risk aversion model.
•
A CVaR-robust-based aversion scheduling model for the VPP operation is constructed with the objective function of minimum operation losses. First, the uncertainty analysis for WPP, PV, SHS, and the load are made, and WPP and PV selected as the main uncertainty factors. Second, the conditional value at risk (CVaR) method and robust optimization theory are used to reflect the operation risks brought about by uncertainty in the objective function and restrictions, respectively. Finally, a solution methodology is constructed after converting the mixed integer nonlinear programming (MINLP) model into a mixed integer linear programming (MIP) model with three cases for comparative analysis.
The rest of this paper is organized as follows: Section 2 describes the basic structure of the virtual power plant, then, the output model of the power sources is introduced. Section 3 presents the basic scheduling model for the VPP under the objective function of the maximum operating revenue. Next, in Section 4, the uncertainty analysis is made and the risk aversion scheduling model is proposed based on the CVaR method and the robust optimization theory. Finally, Section 5 presents an industrial park group in northern China which was chosen as a simulation system for the verification of the effectiveness and applicability of the proposed scheduling model. Section 6 highlights the contributions and conclusions of the paper.
VPP Description

VPP Participants
This study integrated WPP, PV, SHS, CGT, ESS, and IBDR into the VPP. The energy scheduling of the VPP was mainly carried out by the energy management system (EMS). Based on the load demands of terminal users and the available outputs of different power sources, the optimal operation strategy of the VPP was established. Meanwhile, in order to fully motivate the user side to respond to the optimization scheduling, PBDR was implemented in this study, which could utilize time-of-use (TOU) prices to change the users' power consumption behavior and optimize the load curve. Moreover, assume the SHS was equipped with an annual regulating reservoir to improve the adjustment characteristics of the VPP, namely, the SHS could optimize the utilization of water storage according to the actual output of WP and PV, and participate in VPP optimization operation. IBDR was implemented through signing pre-agreements with the end users and providing a certain subsidy. When the content of the contract occurred, the scheduling agency could directly make the user adjust their power consumption behaviors to improve the power generation output or the spare output. Figure 1 is the basic structure of the virtual power plant.
In the VPP, WPP, PV, and CGT were the main power sources for satisfying the load demand. The surplus load demand was satisfied by SHS. The power generation of WPP and PV had great uncertainty, but system was pre-scheduled. The determined scheduling plan for the VPP was needed before knowing the actual output. In order to overcome deviation from the scheduling plan, the ESS and CGT provided reserve services. IBDR users provided virtual power generation by changing their power consumption behaviors, and participated in power generation dispatching in the energy market and reserve market. Meanwhile, the SHS equipped with regulating reservoirs could also provide reserve services by changing its power generation plans. WPP and PV have great environmental and economic benefits, but the high uncertainty of these sources also brings high risks. Balancing the benefits and risks is a critical issue in the optimization of VPP operation. could also provide reserve services by changing its power generation plans. WPP and PV have great environmental and economic benefits, but the high uncertainty of these sources also brings high risks. Balancing the benefits and risks is a critical issue in the optimization of VPP operation. 
VPP Output Model
(1) WPP/PV output model
The output of the VPP was mainly derived from WPP, PV, SHS, ESS, and IBDR. Among these, the outputs of WPP and PV mainly depend on natural wind and solar irradiance, respectively, which have highly random outputs. Correspondingly, the outputs of WPP and PV have great uncertainty. Simulating wind speed and irradiance is the key to calculating the outputs of WPP and PV. The Rayleigh distribution function and beta distribution function have been proved that they could be used to simulate wind speed and solar irradiance. The output models of WPP and PV have already been constructed based on the simulation distribution function in our previous research [11] . The specific calculation process is not repeated here, Equations (1) and (2) are the cut-in, cut-out, and rated speed of the WPP, respectively.
where
is the available output of PV at time t. PV  and PV S are the efficiency and total area of PV, respectively. t  is the solar radiation intensity at time t.
(2) SHS output model
In order to increase the regulation capacity of the VPP, this study selected the small hydropower generation system with annual adjustment reservoirs. SHS could ensure the 
VPP Output Model
(1) WPP/PV output model The output of the VPP was mainly derived from WPP, PV, SHS, ESS, and IBDR. Among these, the outputs of WPP and PV mainly depend on natural wind and solar irradiance, respectively, which have highly random outputs. Correspondingly, the outputs of WPP and PV have great uncertainty. Simulating wind speed and irradiance is the key to calculating the outputs of WPP and PV. The Rayleigh distribution function and beta distribution function have been proved that they could be used to simulate wind speed and solar irradiance. The output models of WPP and PV have already been constructed based on the simulation distribution function in our previous research [11] . The specific calculation process is not repeated here, Equations (1) and (2) calculate the available output of WPP and PV:
where g * WPP,t is the available output of the WPP at time t. g R is the rated output of the WPP. v t is the real-time wind speed at time t. v in , v out and v rated are the cut-in, cut-out, and rated speed of the WPP, respectively. g *
where g * PV,t is the available output of PV at time t. η PV and S PV are the efficiency and total area of PV, respectively. θ t is the solar radiation intensity at time t.
(2) SHS output model In order to increase the regulation capacity of the VPP, this study selected the small hydropower generation system with annual adjustment reservoirs. SHS could ensure the hydropower output by adjusting the amount of water according to power demand considering the water level of the Energies 2018, 11, 2903 6 of 28 adjustment reservoir. The output of a hydropower station mainly depends on the runoff and head height of the river. The expression is as follows:
where g * SHS,t is the available output of SHS at time t. η SHS is the efficiency of the hydropower station's power generation. ρ is the gravitational acceleration of the SHS location. Q t is the drainage of the SHS power generation at time t. H t is the net head of hydropower station, H t = Z u − Z d , where Z u and Z d represent the water levels in front of the dam and at the draft pipe outlet section, respectively. The actual output of the SHS mainly depends on the output limit of the hydropower unit, as follows:
where g min SHS and g max SHS are the minimum and maximum outputs of the hydropower unit, respectively. (3) IBDR output model
In IBDR, pre-agreements are generally signed with the users. When the response occurs, the users need to adjust their electricity consumption behaviors in accordance with the agreements, and receive financial compensation for this response. The IBDR program is mainly provided by demand response providers (DRPs). Because the revenue of DRPs is determined by the supply price of the demand response, DRPs participate in IBDR programs step-by-step according to the demand response (DR) price in accordance with the fluctuation of the electricity market price [34] . Figure 2 shows the step-wise DR price-demand curve.
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Step-wise DR price-demand curve.
According to Figure 2 , the minimum required response for DRP i in step j is ,min , , , 1 Step-wise DR price-demand curve.
According to Figure 2 , the minimum required response for DRP i in step j is D j,min i
, and the corresponding maximum demand response is D j,max i
. Thus, DRPs need to meet the following principles when participating in energy market scheduling:
where ∆L j i,t is the actual load reduction provided by DRP i in step j at time t. D j i,t is the available load reduction provided by DRP i in step j at time t. ∆L i,t is the cumulative load reduction provided by DRP i at time t. ∆L IB,t is the output power provided by IBDR at time t.
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4) ESS operation model
The energy storage system unit participated in VPP power generation scheduling by utilizing its own charge and discharge characteristics. During the valley periods, energy storage was performed, and power generation was performed during the peak periods, to provide a reserve service for the VPP. This study introduced the state of charge (SOC) to reflect the remaining capacity of the ESS battery, which varies with the charge and discharge of the system, and is expressed as the percentage of the remaining battery power and its total capacity, as follows:
When the ESS is charging:
When the ESS is discharging:
where SOC ESS,t and SOC ESS,t−1 are the remaining capacities of the ESS battery at time t and t-1, respectively. η ch and η dis are the charge and discharge efficiencies of the ESS, respectively. g ch ESS,t and g dis ESS,t are the charge and discharge powers of the ESS at time t, respectively. C ESS is the rated capacity of the ESS battery.
where g ESS,t is the net charge and discharge power of ESS at time t, u ch and u dis are the charge and discharge state variables of ESS, respectively. When ESS is in the charge state, u ch = 1, u dis = 0, and when ESS is in the discharge state, u ch = 0, u dis = 1. ∆g NE,t is the deviation of the outputs of WPP and PV, equal to g * PV,t − g PV,t + g * WPP,t − g WPP,t . g WPP,t and g PV,t are the actual available outputs of WPP and PV at time t, respectively. g dis,max ESS,t and g ch,max ESS,t are the maximum discharge and charging power values of the ESS at time t, respectively.
Basic Scheduling Model for VPP
Objective Function
In the power generation scheduling of a VPP including WPP, PV, and SHS, with the objective of maximum operating revenue, a basic mathematical model is constructed. The specific objective function is as follows:
where g VPP is the output power of the VPP. N(·) is the net operating revenue of VPP. R(·) and C(·) are the operating income and cost of the VPP, respectively, as follows:
where R WPP,t , R PV,t , R SHS,t , R CGT,t , R ESS,t and R IBDR,t are the operating revenue of WPP, PV, SHS, CGT, ESS, and IBDR at time t, respectively. With the exception of ESS and IBDR, the revenue of the 
where P dis ESS,t and P ch ESS,t are the charge and discharge prices of the ESS at time t, respectively. g dis ESS,t and g ch ESS,t are the charge and discharge capacities of the ESS at time t, respectively. P j i,t is the output price of DRP i in step j at time t. Furthermore, the operation cost of the VPP is mainly composed of CGT, SHS and ESS, the specific calculation is as follows:
where C CGT,t and C ESS,t are the operation costs of CGT and ESS, respectively. Since the initial investment cost of the hydropower station is sunk cost, this study does not consider it, only considering the water cost in the operation phase. Therefore, the operation cost of the SHS is equal to the product of the water consumption and water price. Furthermore, the power generation cost of the CGT is mainly equal to the natural gas consumption cost and the startup-shutdown cost. The specific calculations are as follows:
where C pg CGT,t is the natural gas consumption cost of the CGT at time t. C ss CGT,t is the startup-shutdown cost of the CGT at time t. a CGT , b CGT and c CGT are the cost coefficients of CGT power generation. The binary variable µ CGT is the operation status of CGT at time t. N hot CGT and N cold CGT are the hot-startup and cold-startup costs of the CGT, respectively. T min CGT is the minimum allowable downtime of the CGT. T cold CGT is the cold-startup time of the CGT. T off CGT,t is the continuous downtime of the CGT at time t.
Constraint Conditions
The optimization operation of the VPP followed a load supply and demand balance constraint, unit operation constraints, and system rotation reserve constraints. The specific constraints are as follows:
(1) Load supply and demand balance constraint:
where ∆L E IB,t is the power for energy market scheduling provided by IBDR at time t. L 0 t is the power load demand of terminal users. The binary variables u IB,t and u PB,t are the statuses of IBDR and PBDR, respectively. Here, 1 means DR is implemented, and 0 means DR is not implemented. The load change produced by PBDR at time t is denoted by ∆L PB,t . According to the theory of microeconomics, PBDR is described by the demand-price elasticity as follows:
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where ∆L s and ∆P t are the changes in demand and price after PBDR, respectively. Then, the load change produced by PBDR can be calculated as:
where L 0 t and L t are the load demands before and after PBDR, respectively. P 0 t and P t are the electricity prices before and after PBDR, respectively. e st is the demand-price elasticity. When s = t, e st is called self-elasticity, and when s = t, e st is called cross-elasticity. The detailed mathematical description is provided in literature [6] .
(2) SHS operation constraints Small hydropower is constrained by season, due to the dry season and flood season. For the dry season, it is necessary to ensure that the water storage meets the night load; for the flood season, the water volume cannot exceed the maximum storage capacity, so it is necessary to adjust the water volume of the reservoir reasonably. Especially in the flood season, if the water volume of the reservoir has basically reached the maximum capacity, due to the maximum limit of the power generation drainage of the turbine unit, it is necessary to abandon the water to meet the reservoir storage requirements. Correspondingly, the reservoir water demand, power generation drainage, and water abandonment constraints are as follows:
where V T 0 −1 is the water demand of the regulating reservoir before the start of any power generation period. V min is the minimum storage capacity that allows the reservoir to fall. V max is the maximum water available to the reservoir. q t , Q t , S t are the natural water supply the drainage of the hydropower station power generation and abandoned water flow of the hydropower station at time t, respectively. Q min and Q max are the minimum and maximum drainage of the hydropower station's power generation, respectively. S min and S max are the minimum and maximum allowed abandoned water for the SHS, respectively.
(3) IBDR operation constraints IBDR can be applied for both energy market scheduling and reserve market scheduling. Thus, the detailed constraints of the IBDR operation are expressed as follows:
where ∆L j i,t is the actual load reduction provided by DRP i in step j at time t. ∆L E IB,t is the scheduling power load change produced by IBDR in energy market scheduling. ∆L scheduling power values of IBDR in the reserve market, represented by the upper and lower reserve outputs at time t, respectively. ∆L max IB,t is the maximum output of IBDR at time t. ∆L min IB,t is the minimum output of IBDR at time t. Similarly, IBDR must also meet the climbing constraints and startup-shutdown time constraints as follows:
where ∆L 
where g max VPP,t and g min VPP,t are the maximum and minimum available outputs of the VPP at time t, respectively. g VPP,t is the power generation output of the VPP at time t. ∆L PB,t is the output provided by IBDR at time t. r 1 , r 2 and r 3 are the upper rotation reserve coefficients of load, WPP, and PV, respectively. r 4 and r 5 are the lower rotation reserve coefficients of WPP and PV, respectively.
(5) Other constraints
For the VPP, the operation constraints of CGT, ESS, and PBDR should also be considered. Among these, the CGT is mainly needed to meet the maximum and minimum power constraints, startup-shutdown time constraints, and upper and lower climbing constraints. The ESS needed to meet the maximum charge-discharge power constraints, charge and discharge state constraints, etc. The output generated by PBDR also needed to meet the maximum output constraints, upper and lower climbing constraints and cumulative maximum output constraints at each moment. We have already constructed the constraints of CGT, ESS, and PBDR as shown in our previous research [32] ; the paper did not display the model again.
Risk Aversion Model for VPP
Uncertainty Analysis
In the proposed VPP, four uncertainty factors exist, namely, g WPP,t , g PV,t , g SHS,t and L t . Determining how to simulate the uncertainty factors and develop optimal strategies for the VPP is greatly important for decision makers. For the load demand, the load prediction deviation L e t could be described by a normal distribution function (
For the day-ahead scheduling, since the daily weather forecasting technology is mature, and this study selected the small hydropower system with an annual regulating reservoir especially, the SHS output was adjustable and controllable in the short term. The proposed VPP included ESS and IBDR, so the reserve capability was sufficient, which could handle the load uncertainty adequately. Therefore, in this study, the impact of the load and SHS uncertainty on the VPP operation was not considered. Figure 3 shows the discretization method for the load demand distribution function.
weather forecasting technology is mature, and this study selected the small hydropower system with an annual regulating reservoir especially, the SHS output was adjustable and controllable in the short term. The proposed VPP included ESS and IBDR, so the reserve capability was sufficient, which could handle the load uncertainty adequately. Therefore, in this study, the impact of the load and SHS uncertainty on the VPP operation was not considered. Figure 3 shows the discretization method for the load demand distribution function. , p p 5 4 , p p 6 7 , Similarly, the existing researches prove that the Rayleigh distribution function and the beta distribution function could be used to describe natural wind speed and solar irradiance [21] , respectively. Uncertainty factors could be simulated by the suitable probability distribution functions. However, three problems could not be ignored. First, the distribution functions for simulating uncertainty factors are continuous, but discretized distribution functions are needed for VPP scheduling. Deviation is inevitable, regardless of what discrete methods are used for the continuous distribution functions. Second, the parameters for the distribution functions are calculated by using vast historical data, which causes a great workload and reduced applicability. Third, uncertainty factors, especially in WPP and PV, have great randomness, and extreme situations are prone to happen. The distribution functions may be not useful. Therefore, a new risk aversion method was needed for VPP scheduling. Correspondingly, a CVaR-robust-based scheduling model is proposed for VPP optimal operation.
Mathematical Model
For the proposed model above, the uncertainty factors are distributed in the objective function and constraints. Determining how to describe the uncertainty factors was crucial to determining the optimal scheduling plan of the VPP. This paper proposes a risk aversion tool for the optimal operation of the VPP based on the CVaR method and the robust optimization theory. Similarly, the existing researches prove that the Rayleigh distribution function and the beta distribution function could be used to describe natural wind speed and solar irradiance [21] , respectively. Uncertainty factors could be simulated by the suitable probability distribution functions. However, three problems could not be ignored. First, the distribution functions for simulating uncertainty factors are continuous, but discretized distribution functions are needed for VPP scheduling. Deviation is inevitable, regardless of what discrete methods are used for the continuous distribution functions. Second, the parameters for the distribution functions are calculated by using vast historical data, which causes a great workload and reduced applicability. Third, uncertainty factors, especially in WPP and PV, have great randomness, and extreme situations are prone to happen. The distribution functions may be not useful. Therefore, a new risk aversion method was needed for VPP scheduling. Correspondingly, a CVaR-robust-based scheduling model is proposed for VPP optimal operation.
For the proposed model above, the uncertainty factors are distributed in the objective function and constraints. Determining how to describe the uncertainty factors was crucial to determining the optimal scheduling plan of the VPP. This paper proposes a risk aversion tool for the optimal operation of the VPP based on the CVaR method and the robust optimization theory.
CVaR Theory
In recent years, the financial sector has evolved a variety of risk analysis tools. Under normal market conditions and within a given confidence level, Value at Risk (VaR), which analyzes the risk characteristics quantitatively, can estimate the maximum possible loss of a portfolio over a specified period of time. However, VaR can only determine a risk situation under the given confidence level and doesn't consider the risk tail, so there are certain limitations in its practical applications. Conditional Value at Risk (CVaR) can describe the distribution of risk outside the confidence level. The basic principles are described as follows:
Set the portfolio vector as X and the random factor as random vector Y ∈ R m (R m is the m-dimensional real space), the loss function of X can be expressed as f (X, Y); assume the joint probability density function of Y is p(Y); for the determined X, the probability value of f (X, Y) caused by Y not exceeding the critical value α (α represents a particular loss level) is:
where X ∈ Ω, Ω is a subset of the n-dimensional real space R n , representing the feasible set of the portfolio; ψ(X, α) is the loss accumulation distribution function under X, which is the non-minus and the right-continuous of α.
According to Equation (32) , the VaR and CVaR values of f (X, Y) can be obtained when the confidence degree is β, which doesn't exceed the critical value α. The specific calculations are shown in Equations (33) and (34):
where α β (X) and φ β (X) are the VaR value and CVaR value of the portfolio problem, respectively, where φ β (X) is the CVaR value when the loss is greater than α β (X). Since the analytic expression of α β (X) is difficult to obtain, an approximate solution algorithm needs to be constructed by introducing a transformation function F β (X, α) to substitute in for φ β (X), the calculation of CVaR is simplified as follows:
to directly obtain, the integral term of Equation (35) 
whereF β (X, α) is the estimated value of F β (X, α).
CVaR-Robust Model
Considering the risk brought about by the uncertainty factors to the VPP operation, the CVaR theory is applied to describe the scheduling operation risk of the VPP. According to Equation (12) ,
multivariate random vector. The net operation revenue of the VPP is N(G, y). Then, according to Equation (32) , define the operation loss function of the VPP as L(E, y) = −N(E, y). The CVaR function of VPP scheduling considering uncertainty is characterized as follows:
where α is the threshold value of the decision maker's risk judgment. β is the confidence degree of the VPP operation objective function. When Equation (36) reaches the minimum, namely the CVaR value, α is the VaR value. g * VPP,t includes g * WPP,t , g * PV,t , g * CGT,t , ∆L E * IB,t , ∆L up * IB,t , ∆L dn * IB,t . When p(y) is difficult to determine, an approximate solution algorithm can be constructed, and the integral term of Equation (38) is usually estimated by the historical data of y or by the Monte Carlo simulation sample data. Set y 1 , y 2 , · · · , y N as N sample data of y, then the estimated value of the function F β (X, α) is:
Second, apply the robust theory to convert the constraint conditions with uncertainty variables into stochastic constraint conditions by using the robust coefficient. Robust optimization theory is a mature theory that solves the problem of uncertain parameter optimization after multi-step stochastic optimization theory and fuzzy optimization theory [11] . This paper considers the uncertainty factors g WPP,t and g PV,t , setting prediction deviations as e WPP,t and e PV,t , then g WPP,t and g PV 
Then, Equation (19) could be rewritten as follows:
Equation (40) shows that the inequality constraint becomes stricter when the influence of the stochastic is greater. To ensure that the constraints meet the requirements when the actual output reaches the prediction boundary, an auxiliary variable θ RE,t (θ ≥ 0) is introduced to strengthen the above constraints. Assume θ RE,t ≥ |g RE,t (1 − ϕ RE ) ± e RE,t · g RE,t |. Thus, Equation (40) can be changed as follows
Equation (41) shows the most stringent robust constraints. Due the probability of the occurrence of an extreme scenario, we introduce the robust coefficients Γ RE , Γ ∈ [0, 1] to modify the above constraints as follows:
Finally, Combining Equation (42) and Equations (20)- (31) with the objective function (Equation (38)), the stochastic optimization model could be constructed with a freely adjustable robust coefficient, as shown in Equation (43). The model can be used to calculate the optimization scheduling scheme with different robust coefficients considering the different risk attitudes of the policymakers.
Overall, CVaR-robust-based scheduling can realize the safe and stable operation of the system within a certain disturbance range when the system's operation information is incomplete, improve the system's immunity to uncertainty factors, and achieve the scheduling target.
Solution Methodology
Equation (40) determines the objective function of the VPP risk aversion scheduling model, but it can be known from Equation (12) that the objective function contains a quad term, and is a mixed integer nonlinear programming (MINLP) problem. This problem is hard to solve and takes a lot of time, and it is difficult to achieve optimal results. Similarly, there are nonlinear constraints amongst the operation constraints of CGT units. The proposed objective function and constraints should be linearized before solving the model, which has also been researched in our previous work [11] . After the objective functions and constraints are linearized, the MINLP model will be converted to a mixed integer programming (MIP) model. Figure 4 is the solution flow chart of the proposed model. e system's immunity to uncertainty factors, and achieve the scheduling target. (12) that the objective function contains a quad term, and is a mixed teger nonlinear programming (MINLP) problem. This problem is hard to solve and takes a lot o me, and it is difficult to achieve optimal results. Similarly, there are nonlinear constraints amongs e operation constraints of CGT units. The proposed objective function and constraints should b nearized before solving the model, which has also been researched in our previous work [11] . Afte e objective functions and constraints are linearized, the MINLP model will be converted to a mixed teger programming (MIP) model. Figure 4 is the solution flow chart of the proposed model. Furthermore, in order to analyze the applicability of the proposed CVaR-robust method in solving the optimization operation of the VPP, this study set three simulation cases, namely, reference scenario, CVaR scenario and comprehensive scenario, and analyzed the effectiveness of the CVaR method and robust optimization theory in measuring and controlling the risks of VPP operation caused by uncertainties. These cases are described as follows:
Case 1: The reference scenario, using self-scheduling for the VPP without considering uncertainties. This scenario did not consider the uncertainty of WPP and PV. It analyzed the operational characteristics of different components in the VPP, and focused on the complementary effects between different components to obtain the optimal scheduling results for the VPP under the objective of maximizing operating revenue.
Case 2: The CVaR scenario, using self-scheduling for only the VPP with the CVaR method. This scenario focused on the uncertainty of WPP and PV in the objective function, and used the CVaR method to transform the objective function (Equation (37)). It analyzed the results of VPP operation under different confidence degrees, and verified the effectiveness of the CVaR method in dealing with wind and solar uncertainty.
Case 3: The comprehensive scenario, using self-scheduling for the VPP with the CVaR-robust method. This scenario further considered the influence of uncertainty factors on the operation of the VPP within constraints, and constructed random constraints (Equation (43)) by means of the robust optimization theory. The VPP scheduling optimization strategies under different robust coefficients and prediction accuracies were discussed, and the effectiveness of the CVaR-robust method was analyzed.
Case Analysis
Basic Data
An independent micro-grid located in an industrial park in East China (30 • 06 N, 122 • 24 E) was utilized for the simulation analysis of the proposed model. The park was equipped with two 0.25 MW WPPs, four 0.1 MW PVs, a 1 MW CGT, and a 0.2 MW·h ESS. An SHS was equipped with five small hydropower generating units of 50 kW each capacity, for which the annual average water flow was 40 m 3 /h, and the maximum storage capacity was 936 m 3 . The initial water volume of the reservoir was adjusted to 70% of the maximum capacity, and the price of water was set according to the literature [35] . The CGT predominantly selected was the G3406LE type gas turbine, with a rated output power of 1.025 MW, and a natural gas consumption of 107.7 m 3 /h [11] . The startup and shutdown time of this gas turbine were 0.1 h and 0.2 h, respectively, and the startup-shutdown cost was about 95 ¥/MW·h. The gas cost of power generation could be described by a quadratic function, whose specific parameters were set according to [32] . Meanwhile, for an easy solution, the power generation cost function was linearized into two parts. The slope coefficients of the two parts were 105 ¥/MW and 355 ¥/MW, respectively, and the power generation loss of the unit was about 2.5%. The charging power of ESS did not exceed 0.04 MW, the discharge power did not exceed 0.05 MW [6] , and the initial storage capacity of the ESS was 0. In addition, in order to ensure the safe and reliable operation of the energy storage, the ESS could not charge and discharge at the same time. Figure 5 is the load demand and available output on a typical load day.
Furthermore, in order to analyze the complementary effects between different power sources, the load data on a typical summer load day and on a typical winter load day were taken as input data. The maximum and minimum loads of the park were 0.9 MW and 0.709 MW in summer, respectively, and 0.879 MW and 0.737 MW in winter, respectively. According to [6] , the cut-in, rated, and cut-out wind speeds of the WPP were set as 2.8 m/s, 12.5 m/s, and 22.8 m/s, respectively, and the shape parameter and scale parameter as ϕ = 2 and ϑ = 2v/ √ π, respectively. Referring to literature [32] , it was assumed that the PV illumination intensity parameters ξ and ψ could be simulated as 0.3 and 8.54, respectively. The WPP and PV prediction errors were set to 5%. After getting the data of wind speed, radiation intensity, and load demand, through the scene simulation strategy of [11] , one hundred sets of simulated scenes were generated, 10 typical scenarios were obtained according to the scenario reduction strategy in [6] , and the average of each scenario result was taken as input data.
The on-grid prices of WPP, PV, SHS, and CGT in the park were 0.51 ¥/kW·h, 0.88 ¥/kW·h, 0.31 ¥/kW·h, and 0.42 ¥/kW·h, respectively. Meanwhile, in order to motivate the users to respond to the system's power generation scheduling, it was assumed that PBDR was implemented on the users' side, and the terminal users' electricity price before PBDR was 0.59 ¥/kW·h. The price elasticity of the power demand was set according to literature [11] . The price in the flat period was unchanged; the price for the peak period was increased by 30%, and the price for the valley period was reduced by 50%. For IBDR, the energy price in the energy market was 0.45 ¥/kW·h, while the upper and lower rotation reserve prices in the reserve market were 0.25 ¥/kW·h and 0.55 ¥/kW·h, respectively. Meanwhile, in order to avoid excessive load fluctuations, which lead to the "peak-to-valley inversion" phenomenon, the load fluctuation caused by PBDR should not exceed ±0.04 MW [32] , and the power output provided by IBDR should not exceed ±0.03 MW [32] . Table 1 obtained according to the scenario reduction strategy in [6] , and the average of each scenario result was taken as input data. The on-grid prices of WPP, PV, SHS, and CGT in the park were 0.51 ¥/kW·h, 0.88 ¥/kW·h, 0.31 ¥/kW·h, and 0.42 ¥/kW·h, respectively. Meanwhile, in order to motivate the users to respond to the system's power generation scheduling, it was assumed that PBDR was implemented on the users' side, and the terminal users' electricity price before PBDR was 0.59 ¥/kW·h. The price elasticity of the power demand was set according to literature [11] . The price in the flat period was unchanged; the price for the peak period was increased by 30%, and the price for the valley period was reduced by 50%. For IBDR, the energy price in the energy market was 0.45 ¥/kW·h, while the upper and lower rotation reserve prices in the reserve market were 0.25 ¥/kW·h and 0.55 ¥/kW·h, respectively. Meanwhile, in order to avoid excessive load fluctuations, which lead to the "peak-to-valley inversion" phenomenon, the load fluctuation caused by PBDR should not exceed ±0.04 MW [32] , and the power output provided by IBDR should not exceed ±0.03 MW [32] . Table 1 shows the parameters of PBDR and IBDR. After taking inputs from the above basic data, the model was solved by the GAMS software using the CPLEX 11.0 linear solver from ILOG_solver [11] . The CPU time required for solving the problem of different case studies with a Lenovo IdeaPad Y450 series laptop computer powered by a core T6500 processor and 4 GB of RAM under these three cases is less than 20 s. When the optimization is MIP, the GAMs software obtains a satisfactory solution quickly.
Result Analysis
Scheduling Result of VPP in Case 1
This case focuses on the complementary effects of different power sources in the VPP, especially those between WPP, PV, and SHS. From the perspective of the load demand, on a typical winter day, due to the larger heating demand at night, the heating demand is relatively less during After taking inputs from the above basic data, the model was solved by the GAMS software using the CPLEX 11.0 linear solver from ILOG_solver [11] . The CPU time required for solving the problem of different case studies with a Lenovo IdeaPad Y450 series laptop computer powered by a core T6500 processor and 4 GB of RAM under these three cases is less than 20 s. When the optimization is MIP, the GAMs software obtains a satisfactory solution quickly.
Result Analysis
Scheduling Result of VPP in Case 1
This case focuses on the complementary effects of different power sources in the VPP, especially those between WPP, PV, and SHS. From the perspective of the load demand, on a typical winter day, due to the larger heating demand at night, the heating demand is relatively less during the daytime, so the peak-to-valley gap is lower. On a typical summer day, due to the higher cooling demand during the daytime, the cooling demand at night is relatively lower, so the peak-to-valley gap is relatively high. Figure 6 is the output distribution of VPP power generation in a typical day.
According to Figure 6 , on the typical summer day, the main power sources for the load demand were CGT and SHS. The remaining load demand was satisfied by WPP. On the typical winter day, the main power sources were CGT and WPP. The remaining load demand was satisfied by SHS. This was due to the lower available output of WPP but higher available output of SHS and PV in summer, and lower available output of SHS and PV but higher available output of WPP in winter.
It can be seen that there were significant complementary effects between different power sources on the different typical days. The VPP could form a stable power output to meet the load demand by aggregating different distributed power sources, and could thus get the maximum operating revenue. Table 2 shows the scheduling results of VPP operation on the different typical load days. According to Figure 6 , on the typical summer day, the main power sources for the load demand were CGT and SHS. The remaining load demand was satisfied by WPP. On the typical winter day, the main power sources were CGT and WPP. The remaining load demand was satisfied by SHS. This was due to the lower available output of WPP but higher available output of SHS and PV in summer, and lower available output of SHS and PV but higher available output of WPP in winter. It can be seen that there were significant complementary effects between different power sources on the different typical days. The VPP could form a stable power output to meet the load demand by aggregating different distributed power sources, and could thus get the maximum operating revenue. Table 2 shows the scheduling results of VPP operation on the different typical load days. According to Table 2 , in order to maximize the operating revenue, the VPP prioritized the utilization of clean energy to meet the load demand. The total output of WPP, PV, and SHS was 12.259 MW·h on a typical summer day and 12.297 MW·h on the typical winter day. Correspondingly, the operating revenue of the VPP on the typical summer day was ¥460.47, which was lower than that of the typical winter day. Since the peak-to-valley ratio on the typical summer day was higher than that of the typical winter day, the outputs of CGT, ESS, and IBDR were also higher. Furthermore, the clean energy output and revenue of the VPP in different periods was analyzed. Figure 7 shows the power output and operating revenue of VPP in different load periods. According to Table 2 , in order to maximize the operating revenue, the VPP prioritized the utilization of clean energy to meet the load demand. The total output of WPP, PV, and SHS was 12.259 MW·h on a typical summer day and 12.297 MW·h on the typical winter day. Correspondingly, the operating revenue of the VPP on the typical summer day was ¥460.47, which was lower than that of the typical winter day. Since the peak-to-valley ratio on the typical summer day was higher than that of the typical winter day, the outputs of CGT, ESS, and IBDR were also higher. Furthermore, the clean energy output and revenue of the VPP in different periods was analyzed. Figure 7 shows the power output and operating revenue of VPP in different load periods. According to Figure 6 , on the typical summer day, the main power sources for the load demand were CGT and SHS. The remaining load demand was satisfied by WPP. On the typical winter day, the main power sources were CGT and WPP. The remaining load demand was satisfied by SHS. This was due to the lower available output of WPP but higher available output of SHS and PV in summer, and lower available output of SHS and PV but higher available output of WPP in winter. It can be seen that there were significant complementary effects between different power sources on the different typical days. The VPP could form a stable power output to meet the load demand by aggregating different distributed power sources, and could thus get the maximum operating revenue. Table 2 shows the scheduling results of VPP operation on the different typical load days. According to Table 2 , in order to maximize the operating revenue, the VPP prioritized the utilization of clean energy to meet the load demand. The total output of WPP, PV, and SHS was 12.259 MW·h on a typical summer day and 12.297 MW·h on the typical winter day. Correspondingly, the operating revenue of the VPP on the typical summer day was ¥460.47, which was lower than that of the typical winter day. Since the peak-to-valley ratio on the typical summer day was higher than that of the typical winter day, the outputs of CGT, ESS, and IBDR were also higher. Furthermore, the clean energy output and revenue of the VPP in different periods was analyzed. Figure 7 shows the power output and operating revenue of VPP in different load periods. According to Figure 7 , considering the different load periods, whether in summer or winter, the clean energy output in the peak load period was higher than that in other load periods. The outputs of WPP, PV, and SHS were 2.529, 1.91 and 1.915 MW·h, respectively. Correspondingly, the operating revenue was also high in the peak load period, at ¥4.175 × 10 3 . Considering different power sources, the main clean energy outputs on the typical summer day were from PV and SHS, especially in the flat and valley periods. Take the valley period as an example; the outputs of PV and SHS were 0.137 and 1.777 MW·h, respectively. The main clean energy output on the typical winter day was from WPP, the outputs of PV were 3.273, 2.788 and 2.505 MW·h, in the three load periods, respectively. In total, the VPP could achieve the collaboration and complementarity of different distributed power sources in different load periods and seasons. The optimal operating revenue was obtained by maximizing the consumption of clean energy, and the optimal allocation of resources was realized.
Scheduling Result of VPP in Case 2
This scenario was mainly used to analyze the effectiveness of the CVaR method in measuring the uncertainty factor in the objective function. The initial confidence degree β was set to 0.9, and the optimal scheduling strategy of the VPP calculated. The respective total grid-connected outputs of WPP, PV, and SHS were 0.22, 0.417, and 0.242 MW·h for the typical summer day; and 0.123, 0.656 and 0.088 MW·h for the typical winter day, which were lower than those without considering uncertainty. The operating revenues of the VPP were ¥7645.5 on the typical summer day and ¥8137.68 on the typical winter day, which were lower than those without considering uncertainty. It can be seen that if the decision maker does not consider the uncertainty, the scheduling strategy of the VPP is arranged according to the risk neutral situation; when the actual output of WPP and PV deviates from the predicted results, the system will face a large operating risk. Figure 8 shows the output distribution of VPP power generation on typical load days. According to Figure 7 , considering the different load periods, whether in summer or winter, the clean energy output in the peak load period was higher than that in other load periods. The outputs of WPP, PV, and SHS were 2.529, 1.91 and 1.915 MW·h, respectively. Correspondingly, the operating revenue was also high in the peak load period, at ¥4.175 × 10 3 . Considering different power sources, the main clean energy outputs on the typical summer day were from PV and SHS, especially in the flat and valley periods. Take the valley period as an example; the outputs of PV and SHS were 0.137 and 1.777 MW·h, respectively. The main clean energy output on the typical winter day was from WPP, the outputs of PV were 3.273, 2.788 and 2.505 MW·h, in the three load periods, respectively. In total, the VPP could achieve the collaboration and complementarity of different distributed power sources in different load periods and seasons. The optimal operating revenue was obtained by maximizing the consumption of clean energy, and the optimal allocation of resources was realized.
This scenario was mainly used to analyze the effectiveness of the CVaR method in measuring the uncertainty factor in the objective function. The initial confidence degree β was set to 0.9, and the optimal scheduling strategy of the VPP calculated. The respective total grid-connected outputs of WPP, PV, and SHS were 0.22, 0.417, and 0.242 MW·h for the typical summer day; and 0.123, 0.656 and 0.088 MW·h for the typical winter day, which were lower than those without considering uncertainty. The operating revenues of the VPP were ¥7645.5 on the typical summer day and ¥8137.68 on the typical winter day, which were lower than those without considering uncertainty. It can be seen that if the decision maker does not consider the uncertainty, the scheduling strategy of the VPP is arranged according to the risk neutral situation; when the actual output of WPP and PV deviates from the predicted results, the system will face a large operating risk. Figure 8 shows the output distribution of VPP power generation on typical load days. According to Figure 8 , in order to avoid the uncertainty risk of WPP and PV, the VPP increased the power output of CGT. Compared with Case 1, the output of CGT was relatively stable, and the total output of CGT was higher, at 0.928 MW·h on the typical summer day and 0.908 MW·h on the typical winter day. Correspondingly, in order to provide sufficient reserve services for WPP and PV, the outputs of ESS and IBDR were also higher. In total, when considering uncertainty, the VPP reduced the output of WPP and PV, which lead to lower operating revenue, but could also avoid the risk of a power shortage penalty. In general, the confidence degree is a crucial parameter for balancing benefits and risks. A reasonable confidence degree guarantees the establishment of the optimal scheduling strategy of a VPP. Table 3 shows the scheduling results of VPP operation under different confidence degrees β in typical load day. According to Figure 8 , in order to avoid the uncertainty risk of WPP and PV, the VPP increased the power output of CGT. Compared with Case 1, the output of CGT was relatively stable, and the total output of CGT was higher, at 0.928 MW·h on the typical summer day and 0.908 MW·h on the typical winter day. Correspondingly, in order to provide sufficient reserve services for WPP and PV, the outputs of ESS and IBDR were also higher. In total, when considering uncertainty, the VPP reduced the output of WPP and PV, which lead to lower operating revenue, but could also avoid the risk of a power shortage penalty. In general, the confidence degree is a crucial parameter for balancing benefits and risks. A reasonable confidence degree guarantees the establishment of the optimal scheduling strategy of a VPP. Table 3 shows the scheduling results of VPP operation under different confidence degrees β in typical load day. According to Table 3 , the confidence degree β reflects the risk attitude of the decision maker. When β is high, the decision maker is the risk aversion type, who will reduce the scheduling of WPP and PV power generation outputs to avoid the operating risk of the VPP. Conversely, when β is low, the decision maker is the risk preference type, who will increase the scheduling of WPP and PV to capture excess economic returns. It can be seen that as β increased from 0.8 to 0.98, the output of clean energy power generation gradually reduced, and the output of CGT, ESS, and IBDR gradually increased. This shows that as the risk aversion of policy makers increases, the unit output of VPP that can provide reserve services gradually increases, correspondingly, the CVaR value is gradually reduced. Further, when the decision maker considers the uncertainty risk, WPP and PV bring different degrees of risk to the VPP operation due to different supply and demand relationships in different time periods, so the changes in the operating revenue of the VPP in different load periods and confidence degrees need to be analyzed. Figure 9 shows the revenue of the VPP operation under different β in different load periods. According to Table 3 , the confidence degree β reflects the risk attitude of the decision maker. When β is high, the decision maker is the risk aversion type, who will reduce the scheduling of WPP and PV power generation outputs to avoid the operating risk of the VPP. Conversely, when β is low, the decision maker is the risk preference type, who will increase the scheduling of WPP and PV to capture excess economic returns. It can be seen that as β increased from 0.8 to 0.98, the output of clean energy power generation gradually reduced, and the output of CGT, ESS, and IBDR gradually increased. This shows that as the risk aversion of policy makers increases, the unit output of VPP that can provide reserve services gradually increases, correspondingly, the CVaR value is gradually reduced. Further, when the decision maker considers the uncertainty risk, WPP and PV bring different degrees of risk to the VPP operation due to different supply and demand relationships in different time periods, so the changes in the operating revenue of the VPP in different load periods and confidence degrees need to be analyzed. Figure 9 shows the revenue of the VPP operation under different β in different load periods. According to Figure 9 , considering different time periods of the typical summer day, due to the heavy load during the peak period, the load supply and demand relationship was tight. So, when decision maker considered the uncertainty risk, the output of WPP and PV was significantly reduced, and the operating revenue significantly decreased with the increase of β. However, the supply and demand relationship in the valley period was not tight, so the dispatch of ESS and IBDR appropriately increased the grid-connected power of WPP and PV. For the typical winter day, the WPP's available output was higher at night, in order to avoid the risk to the VPP operation, the operating revenue in the valley period was significantly reduced with the increase of β. However, the ESS transferred part of the available output of WPP to the peak period. Correspondingly, the operating revenue did not decrease much in the peak period. In general, the CVaR method can measure the uncertainty factors in the objective function, reflect the risk attitude of the decision maker by setting the confidence degrees, and obtain the optimal operation strategy of the VPP.
Scheduling Result of VPP in Case 3
This subsection further discusses the impact of uncertainties on the VPP operation within constraints by introducing robust stochastic optimization theory. The initial robust coefficient  was set as 0.9, and the optimal scheduling strategy of the VPP calculated. The respective total grid-connected outputs of WPP, PV, and SHS were 4.797, 1.760 and 4.407 MW·h for the typical summer day; and 6.984, 1.455 and 1.901 MW·h for the typical winter day. The values of revenue, VaR and CVaR are 204.8 ¥, −68.71 ¥, −98.76 ¥, 343.7 ¥, −15.07 ¥, −38.81 ¥ lower than those in Case 2, respectively. It can be seen that when considering the uncertainties in the constraint conditions, the sensitivity of the decision maker to the risk will increase. In order to avoid risk to the VPP operation, the decision maker will reduce the power generation of WPP and PV. Figure 10 shows the output distribution of VPP power generation on typical load days in Case 3. According to Figure 9 , considering different time periods of the typical summer day, due to the heavy load during the peak period, the load supply and demand relationship was tight. So, when decision maker considered the uncertainty risk, the output of WPP and PV was significantly reduced, and the operating revenue significantly decreased with the increase of β. However, the supply and demand relationship in the valley period was not tight, so the dispatch of ESS and IBDR appropriately increased the grid-connected power of WPP and PV. For the typical winter day, the WPP's available output was higher at night, in order to avoid the risk to the VPP operation, the operating revenue in the valley period was significantly reduced with the increase of β. However, the ESS transferred part of the available output of WPP to the peak period. Correspondingly, the operating revenue did not decrease much in the peak period. In general, the CVaR method can measure the uncertainty factors in the objective function, reflect the risk attitude of the decision maker by setting the confidence degrees, and obtain the optimal operation strategy of the VPP.
This subsection further discusses the impact of uncertainties on the VPP operation within constraints by introducing robust stochastic optimization theory. The initial robust coefficient Γ was set as 0.9, and the optimal scheduling strategy of the VPP calculated. The respective total grid-connected outputs of WPP, PV, and SHS were 4.797, 1.760 and 4.407 MW·h for the typical summer day; and 6.984, 1.455 and 1.901 MW·h for the typical winter day. The values of revenue, VaR and CVaR are 204.8 ¥, −68.71 ¥, −98.76 ¥, 343.7 ¥, −15.07 ¥, −38.81 ¥ lower than those in Case 2, respectively. It can be seen that when considering the uncertainties in the constraint conditions, the sensitivity of the decision maker to the risk will increase. In order to avoid risk to the VPP operation, the decision maker will According to Figure 10 , when the robust optimization theory was introduced, the VPP further compressed the grid-connected space of WPP and PV. Taking the typical summer load day as an example, the outputs of WPP and PV were reduced by 0.11 and 0.307 MW·h, respectively. However, the power generation output of the CGT was scheduled more by the VPP because it was more stable and controllable, and it increased by 0.431 MW·h. Since the power generation outputs of WPP and PV were reduced, the scheduling outputs of ESS and IBDR were eliminated as well. In the peak period, only, the ESS discharged, and the output of IBDR was reduced. In the valley period, the ESS charged and the output of IBDR increased. Table 4 shows the scheduling results of the VPP operation in different cases. According to Table 4 , the values of revenue, VaR, and CVaR in different cases are compared. When robust stochastic optimization theory was introduced into the conversion constraints with the uncertainty variable, the risk brought about by WPP and PV to the VPP could be better considered. The decision maker would further control the power generation of WPP and PV. Correspondingly, the operating revenue of the VPP also decreased, but the VaR and CVaR values increased under the same confidence degree β, indicating that the benefits and risks are interrelated, and the decision makers need to consider the corresponding risk while pursuing high economic returns. When decision makers want to avoid risk, they will need to discard some of the economic benefits. Furthermore, since the uncertainty in the constraints is described by the prediction error and the robustness coefficient, it can directly affect the optimal operation of the VPP, so sensitivity analysis was conducted between the prediction error e, the robust coefficient , and the confidence degree β, and the operation schemes of the VPP under different parameter combinations are discussed. Figure 11 shows the CVaR values of VPP operating under different robust coefficients. According to Figure 10 , when the robust optimization theory was introduced, the VPP further compressed the grid-connected space of WPP and PV. Taking the typical summer load day as an example, the outputs of WPP and PV were reduced by 0.11 and 0.307 MW·h, respectively. However, the power generation output of the CGT was scheduled more by the VPP because it was more stable and controllable, and it increased by 0.431 MW·h. Since the power generation outputs of WPP and PV were reduced, the scheduling outputs of ESS and IBDR were eliminated as well. In the peak period, only, the ESS discharged, and the output of IBDR was reduced. In the valley period, the ESS charged and the output of IBDR increased. Table 4 shows the scheduling results of the VPP operation in different cases. According to Table 4 , the values of revenue, VaR, and CVaR in different cases are compared. When robust stochastic optimization theory was introduced into the conversion constraints with the uncertainty variable, the risk brought about by WPP and PV to the VPP could be better considered. The decision maker would further control the power generation of WPP and PV. Correspondingly, the operating revenue of the VPP also decreased, but the VaR and CVaR values increased under the same confidence degree β, indicating that the benefits and risks are interrelated, and the decision makers need to consider the corresponding risk while pursuing high economic returns. When decision makers want to avoid risk, they will need to discard some of the economic benefits. Furthermore, since the uncertainty in the constraints is described by the prediction error and the robustness coefficient, it can directly affect the optimal operation of the VPP, so sensitivity analysis was conducted between the prediction error e, the robust coefficient Γ, and the confidence degree β, and the operation schemes of the VPP under different parameter combinations are discussed. Figure 11 shows the CVaR values of VPP operating under different robust coefficients. According to Figure 11 , the influence of prediction error e and robust coefficient  on the VPP operation is analyzed. When e was higher, the value of CVaR increased more than that when  increased by the same magnitude. When e  [5%, 10%), the value of CvaR increased less than that when e  [15%, 25%). It can be seen that when the prediction accuracy was reduced, the uncertainty factors brought higher risk to the VPP operation. Further, analyzing the effect of the robust coefficient  and confidence degree β on the VPP operation; when  ≤ 0.85, increasing β lead to a great increase of CVaR, indicating that when decision makers consider uncertainty, the operation strategy of the VPP will change significantly. When   (0.85, 0.95), the increase of β lead to a low increase of CVaR. At this time, the decision makers will balance the operating revenue and risk of VPP, so the decision scheme is relatively stable. Overall, the value of CVaR will increase with the increase of . When  ≥ 0.95, the growth of β brought a great increase of CVaR. At this time, decision makers are extremely risk aversion type. Small uncertainties will bring great operating risks. In order to achieve the optimal operation of a VPP, decision makers need to improve the accuracy of the uncertainty prediction, set a reasonable confidence degree and robust coefficient, take into account the risk and benefit of VPP operations, and formulate the optimal risk control strategy.
Comparative Analysis
The ESS could use its own charge and discharge capacity to optimize the distribution of WPP and PV power generation outputs, and PBDR could smooth the load demand curve through time-of-use prices, which both have important optimization effects on the VPP operation. On the other hand, the linearization process (proposed in Section 4.3) could reduce the time for solving the proposed model and improve the optimization degree of the scheduling results. Correspondingly, the paper mainly comparatively discusses the operation results of the VPP with and without the ESS under different peak-to-valley price gaps in this section.
The Impact of ESS on VPP Operation
The ESS could charge in the valley period and discharge in the peak period. So, it could not only improve the flexibility of the VPP operation, but also smooth the load demand curve, which is conducive to improving the grid-connected space of WPP and PV in the valley period and reducing the risks of WPP and PV to the VPP operation. In particular, WPP is the main clean energy output. This section selects the typical winter day and compares the operation results of the VPP with and without the ESS, as shown in Figure 12 . According to Figure 11 , the influence of prediction error e and robust coefficient Γ on the VPP operation is analyzed. When e was higher, the value of CVaR increased more than that when Γ increased by the same magnitude. When e ∈ [5%, 10%), the value of CvaR increased less than that when e ∈ [15%, 25%). It can be seen that when the prediction accuracy was reduced, the uncertainty factors brought higher risk to the VPP operation. Further, analyzing the effect of the robust coefficient Γ and confidence degree β on the VPP operation; when Γ ≤ 0.85, increasing β lead to a great increase of CVaR, indicating that when decision makers consider uncertainty, the operation strategy of the VPP will change significantly. When Γ ∈ (0.85, 0.95), the increase of β lead to a low increase of CVaR. At this time, the decision makers will balance the operating revenue and risk of VPP, so the decision scheme is relatively stable. Overall, the value of CVaR will increase with the increase of Γ. When Γ ≥ 0.95, the growth of β brought a great increase of CVaR. At this time, decision makers are extremely risk aversion type. Small uncertainties will bring great operating risks. In order to achieve the optimal operation of a VPP, decision makers need to improve the accuracy of the uncertainty prediction, set a reasonable confidence degree and robust coefficient, take into account the risk and benefit of VPP operations, and formulate the optimal risk control strategy.
Comparative Analysis
The Impact of ESS on VPP Operation
The ESS could charge in the valley period and discharge in the peak period. So, it could not only improve the flexibility of the VPP operation, but also smooth the load demand curve, which is conducive to improving the grid-connected space of WPP and PV in the valley period and reducing the risks of WPP and PV to the VPP operation. In particular, WPP is the main clean energy output. This section selects the typical winter day and compares the operation results of the VPP with and without the ESS, as shown in Figure 12 .
According to Figure 12 , the power structure and operating revenue are compared before and after ESS. For the power structure, if the VPP did not contain ESS, the outputs of WPP, PV, and SHS were reduced by 0.078, 0.659 and 0.101 MW·h. However, the output of WPP and PV increased in peak period. This is because when the VPP did not contain ESS, WPP and PV was utilized more to meet the high load demand and obtain greater economic benefits. But in flat and valley periods, the VPP reduced the output of WPP and PV to avoid the uncertainty risk. For the operation results, the values of revenue, VaR, and CVaR increased by −¥222.303, ¥71.641, and ¥69.315. During the peak period, the values increased by ¥227.30, ¥75.700, and ¥233.370. This is because when the VPP did not contain ESS, WPP and PV were difficult to store in peak periods. During the valley period, the outputs of WPP and PV were both reduced, resulting in a decrease in revenue and risk. In general, the ESS could utilize abandoned wind and solar energy for storage in the valley period, and release energy during the peak period, which was beneficial to alleviating the operating risk during the peak period, while improving the operating revenue of the VPP. Furthermore, the scheduling results of the VPP under different ESS capacities were measured. Table 5 shows the scheduling results of the VPP operation under different ESS capacities. According to Figure 12 , the power structure and operating revenue are compared before and after ESS. For the power structure, if the VPP did not contain ESS, the outputs of WPP, PV, and SHS were reduced by 0.078, 0.659 and 0.101 MW·h. However, the output of WPP and PV increased in peak period. This is because when the VPP did not contain ESS, WPP and PV was utilized more to meet the high load demand and obtain greater economic benefits. But in flat and valley periods, the VPP reduced the output of WPP and PV to avoid the uncertainty risk. For the operation results, the values of revenue, VaR, and CVaR increased by −¥222.303, ¥71.641, and ¥69.315. During the peak period, the values increased by ¥227.30, ¥75.700, and ¥233.370. This is because when the VPP did not contain ESS, WPP and PV were difficult to store in peak periods. During the valley period, the outputs of WPP and PV were both reduced, resulting in a decrease in revenue and risk. In general, the ESS could utilize abandoned wind and solar energy for storage in the valley period, and release energy during the peak period, which was beneficial to alleviating the operating risk during the peak period, while improving the operating revenue of the VPP. Furthermore, the scheduling results of the VPP under different ESS capacities were measured. Table 5 shows the scheduling results of the VPP operation under different ESS capacities. According to Table 5 , when the ESS's capacity increased from 0 to 0.6 MW ((WPP, PV):ESS = 1.5:1), the values of revenue, VaR, and CVaR changed faster. When the capacity was higher than 0.6 MW, the value changed slower, which indicates that ESS could improve the grid-connected space of WPP and PV, but when the capacity was large enough, the ability to consume clean energy had basically reached the upper limit. At this time, other ways are needed to increase the output of WPP and PV with the objective of reducing the initial investment cost of the VPP and improving its operating revenue. Compared with the results when the capacity is 0, the outputs of WPP and PV According to Table 5 , when the ESS's capacity increased from 0 to 0.6 MW ((WPP, PV):ESS = 1.5:1), the values of revenue, VaR, and CVaR changed faster. When the capacity was higher than 0.6 MW, the value changed slower, which indicates that ESS could improve the grid-connected space of WPP and PV, but when the capacity was large enough, the ability to consume clean energy had basically reached the upper limit. At this time, other ways are needed to increase the output of WPP and PV with the objective of reducing the initial investment cost of the VPP and improving its operating revenue. Compared with the results when the capacity is 0, the outputs of WPP and PV increased by 1.082 and 0.183 MW·h, respectively, when capacity reached 1 MW·h. In general, with the increase of capacity, the operating revenue of the VPP increased, but the operating risk was improved as well. Hence, it is necessary to properly control the capacity of the ESS to balance the risks and benefits, which can ensure the optimal operation of the VPP.
The Impact of PBDR on VPP Operation
PBDR can motivate the terminal users to respond to the VPP operation schedule through time-of-use prices, and transfer partial load demand in the peak period to the valley period, which has an important effect on improving the grid-connected space of clean energy generation during the valley period, and relieving the supply-demand relationship during the peak period. Therefore, this study selected the typical summer day with a large peak-to-valley gap, analyzed the load demand curve before and after PBDR, compared the operation results of the VPP, and discusses the influences of Energies 2018, 11, 2903 24 of 28 different peak-to-valley price gaps on VPP operation. Figure 13 shows the load demand of terminal customers in the typical day before/after PBDR.
time-of-use prices, and transfer partial load demand in the peak period to the valley period, which has an important effect on improving the grid-connected space of clean energy generation during the valley period, and relieving the supply-demand relationship during the peak period. Therefore, this study selected the typical summer day with a large peak-to-valley gap, analyzed the load demand curve before and after PBDR, compared the operation results of the VPP, and discusses the influences of different peak-to-valley price gaps on VPP operation. Figure 13 shows the load demand of terminal customers in the typical day before/after PBDR. According to Figure 13 , the load demand curves before and after PBDR are compared. In a typical summer day, the maximum demands of the electrical load before and after PBDR were 0.900 and 0.882 MW, respectively. The minimum values were 0.709 and 0.730 MW. The peak-to-valley ratios of the load before and after PBDR in a typical summer day are 1.27 and 1.209. Similarly, the peak-to-valley ratios of the load before and after PBDR in a typical winter day are 1.194 and 1.144. It can be seen that PBDR is beneficial to reducing load demand in the peak period and increasing load demand in the valley period. Correspondingly, the flatter load demand curve also provides a greater grid-connected space for WPP and PV, which is beneficial to improving the operating revenue and reducing the operating risks of the VPP. Figure 14 shows the scheduling results of the VPP operating before and after PBDR. According to Figure 14 , the power structure and operation results before and after PBDR are compared. For the power structure, the output of WPP and PV after PBDR increased significantly, by 0.264 and 0.72 MW·h. Specifically, the output during the peak period and the valley period increased significantly. This is because the load curve after PBDR was smoother, and the reserve service space was larger during the peak period, and could support more grid-connected energy According to Figure 13 , the load demand curves before and after PBDR are compared. In a typical summer day, the maximum demands of the electrical load before and after PBDR were 0.900 and 0.882 MW, respectively. The minimum values were 0.709 and 0.730 MW. The peak-to-valley ratios of the load before and after PBDR in a typical summer day are 1.27 and 1.209. Similarly, the peak-to-valley ratios of the load before and after PBDR in a typical winter day are 1.194 and 1.144. It can be seen that PBDR is beneficial to reducing load demand in the peak period and increasing load demand in the valley period. Correspondingly, the flatter load demand curve also provides a greater grid-connected space for WPP and PV, which is beneficial to improving the operating revenue and reducing the operating risks of the VPP. Figure 14 shows the scheduling results of the VPP operating before and after PBDR.
PBDR can motivate the terminal users to respond to the VPP operation schedule through time-of-use prices, and transfer partial load demand in the peak period to the valley period, which has an important effect on improving the grid-connected space of clean energy generation during the valley period, and relieving the supply-demand relationship during the peak period. Therefore, this study selected the typical summer day with a large peak-to-valley gap, analyzed the load demand curve before and after PBDR, compared the operation results of the VPP, and discusses the influences of different peak-to-valley price gaps on VPP operation. Figure 13 shows the load demand of terminal customers in the typical day before/after PBDR. According to Figure 13 , the load demand curves before and after PBDR are compared. In a typical summer day, the maximum demands of the electrical load before and after PBDR were 0.900 and 0.882 MW, respectively. The minimum values were 0.709 and 0.730 MW. The peak-to-valley ratios of the load before and after PBDR in a typical summer day are 1.27 and 1.209. Similarly, the peak-to-valley ratios of the load before and after PBDR in a typical winter day are 1.194 and 1.144. It can be seen that PBDR is beneficial to reducing load demand in the peak period and increasing load demand in the valley period. Correspondingly, the flatter load demand curve also provides a greater grid-connected space for WPP and PV, which is beneficial to improving the operating revenue and reducing the operating risks of the VPP. Figure 14 shows the scheduling results of the VPP operating before and after PBDR. According to Figure 14 , the power structure and operation results before and after PBDR are compared. For the power structure, the output of WPP and PV after PBDR increased significantly, by 0.264 and 0.72 MW·h. Specifically, the output during the peak period and the valley period increased significantly. This is because the load curve after PBDR was smoother, and the reserve service space was larger during the peak period, and could support more grid-connected energy According to Figure 14 , the power structure and operation results before and after PBDR are compared. For the power structure, the output of WPP and PV after PBDR increased significantly, by 0.264 and 0.72 MW·h. Specifically, the output during the peak period and the valley period increased significantly. This is because the load curve after PBDR was smoother, and the reserve service space was larger during the peak period, and could support more grid-connected energy from WPP and PV. The increase of the load demand during the valley period also provided more grid-connected space for WPP and PV power generation. For the operation results, PBDR can smooth the load demand curves, the output of clean energy sources was more, correspondingly, and the revenue was also higher than that before PBDR. The operation revenue increased by ¥129.44, ¥40.62, and ¥262.74 in the three load periods, but VaR and CVaR were reduced in the flat period, and increased in both the peak period and the valley period. This is because the clean energy output increased after PBDR, but the load during the flat period remained unchanged, while PBDR released more reserve service space, so the risk was reduced. During the peak period and the valley period, the output of clean energy increased, so the risk caused by uncertainty increased. Furthermore, the influence of the peak-to-valley price gap on VPP operation was analyzed. Table 6 shows the scheduling results of the VPP operation with different peak-to-valley price gaps. According to Table 6 , with the increase of the peak-to-valley price gap, the revenue space for VPP also increased. Correspondingly, the total output of WPP and PV increased significantly. When the peak-to-valley price gap was lower than 3, the values of revenue, VaR, and CVaR changed faster, but when the peak-to-valley price gap was higher than 3, these values changed slower. For the operating revenue and operating risk, the growth rate of revenue generated by PBDR was higher than that of the risk, which indicates that PBDR is conducive to improving the operating revenue and controlling the risk. Hence, in order to acquire the optimal operation, decision makers need to actively implement PBDR on the user side, set reasonable peak-to-valley price gaps according to the actual conditions, and encourage end users to respond to system energy scheduling, which can maximize economic benefits while minimizing operating risk.
The Impact of Linearization on VPP Operation
Quadratic terms exist in objective functions and a constraint condition, which results in the proposed model is a MINLP problems. However, the MINLP problem is complex, need much time to solve and hard to get the optimal solution. If the proposed model could be linearized, the above problem could be overcome. Figure 7 is the scheduling results of the VPP before/after linearizing model in typical summer day.
According to Table 7 
Conclusions
To make full use of the distributed energy on the user side, this study integrated WPP, PV, SHS, ESS, and IBDR into a VPP. Firstly, a basic scheduling model was constructed based on the maximum net operating revenue. Then, a risk aversion model for the VPP was put forward considering the uncertainty risk. The CVaR method was introduced to handle the uncertainty variables in constraint conditions, while robust optimization theory was used to convert the constraint conditions with uncertainty variables into stochastic constraint conditions. Third, a solution methodology was constructed after converting a MINLP model into MIP, and three cases were set for comparative analysis. Finally, an independent micro-grid on an industrial park in East China (30 • 06 N, 122 • 24 E) was utilized for a case study. The conclusions can be summarized as follows:
(1) The VPP could utilize the complementary characteristics of different distributed power sources to maximize the grid-connected electricity produced by clean energy sources. Because the peak-to-valley gap in summer is large, PV, SHS, and CGT were the main power sources, and especially, the SHS with annual regulation reservoirs could provide reserve services for WPP and PV. The peak-to-valley gap in winter is low, so WPP and CGT are the main power sources. ESS, IBDR, and CGT could provide reserve services for WPP and PV, which could fully utilize the clean energy and maximize the economic benefits to achieve the optimal operation of the VPP.
(2) The proposed risk aversion scheduling model for VPP operation, the CVaR method and robust optimization theory, could effectively handle operating risk brought about by uncertainty factors (WPP, PV). If considering uncertainty factors, the total respective outputs of WPP and PV were reduced by 0.33 and 0.72 MW·h on a typical summer day, and 0.218 and 1.582 MW·h on a typical winter day. This indicates that, if not considering uncertainty, the basic scheduling scheme would bring great risk to the system.
(3) The confidence degree and the robust coefficient were the key factors for establishing the optimal VPP operation scheme. When the prediction error e was higher, the value of CVaR increased more when Γ increased by the same magnitude, indicating that a lower prediction accuracy will amplify the uncertainty risk. When Γ ≥ 0.95, decision makers were the extremely risk averse type, and smaller uncertainties would bring greater operating risks. When Γ ≤ 0.85, less growth of β lead to a larger growth of CVaR. When Γ ∈ (0.85, 0.95), the decision strategy was basically in a stable state, and the growth of β brought about the growth of CVaR, but the magnitude wais not large. It can be seen that decision makers need to improve the prediction accuracy and set reasonable confidence degrees and robust coefficients to obtain optimal risk control strategies.
(4) ESS and PBDR could smooth the load demand curve and provide greater grid-connected space for WPP and PV. When the VPP did not contain ESS, the output of WPP and PV was reduced by 0.078 and 0.659 MW·h in the typical winter day, respectively. When the capacity ratio of (WPP, PV):ESS was higher than 1.5:1, the values of revenue, VaR, and CVaR changed slower, which indicates that the ESS can improve the operating revenue of the VPP, but the capacity scale of the ESS should be controlled reasonably. The peak-to-valley ratio after PBDR was reduced from 1.27 to 1.209 in the typical summer day, but when the peak-to-valley price gap was higher than 3, the values of revenue, VaR, and CVaR changed slower, which indicates that a reasonable peak-to-valley price gap is beneficial to improving the grid-connected space of WPP and PV. 
